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Abstract 
This project involved using aerial imagery and GIS procedures to automatically map the 
basic vegetation communities present within Montana de Oro State Park, CA: grassland, coastal 
scrub, bare ground, woodland, and riparian areas. 1m resolution color imagery of the park from 
the NAIP 2005 (National Agriculture Inventory Program) and 1m resolution LiDAR height data 
were also used to determine the locations of the different vegetation types in the park. This 
data was then classified by color using the interactive supervised classification tool in ArcGIS. 
Points were taken in the park using a GPS unit, and compared with the GIS results to test for 
the accuracy of the resultant map. The main goals of this project were to classify the vegetation 
types in Montana de Oro, and provide information that could be useful in the future. This 
project will also serve as a set of guidelines for students wishing to do similar projects using GIS. 
Through image classification tools in ArcGIS and field verification, we were able to accurately 
classify vegetation types in Montana de Oro and provide the basis for similar projects in the 
future. 
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Introduction 
Gathering the best available and applicable information is essential to properly plan 
management activities and assess natural resources. Information such as soil type and 
vegetation may indicate what kinds of management actions could be effective in an area and 
serve as indicators of success after those actions have been implemented. Vegetation 
composition is one of the most important factors driving management decisions, such as fire 
and fuel hazard management, wildlife habitat, and recreation, because it is influenced by a 
multitude of environmental factors such as precipitation, soil type, and successional trends. 
Studying changes in vegetation can help scientists understand the distribution of vegetation 
and the influence of changing climatic conditions and how global warming trends will affect the 
types of vegetation that will thrive under future conditions. 
The diversity of species of plants that occupy a given area is determined by the provisions of 
that environment; species that have similar ecological requirements naturally aggregate in 
areas that provide their specific habitat requirements. Vegetation types are often classified in 
broad terms, such as grassland and woodland, which indicate the common features of plant 
species in those areas. More complex classification systems may describe the “types” as species 
associations, which are comprised of the most dominant species in an area, such as the 
Monterey Pine-Cypress Association. 
Vegetation mapping delineates these boundaries and helps organize vegetation types into a 
comprehensive informational system that is easy to use and understand. The most common 
way of classifying vegetation in modern times is to use aerial imagery and classify vegetation 
based on color and location using the proper computer programs, such as Arc GIS. Utilizing both 
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Arc GIS and supplementing that information with data from the field, comprehensive and 
accurate vegetation maps can be constructed and available for future use. 
Objectives 
The objective of this project is to create an accurate GIS map of Montana de Oro State Park that 
correctly identifies the general vegetation types using GIS image classification and aerial 
imagery, and compile the methodology and pertinent information, as well as the finished 
product, into a document that can be used as an example of how to perform similar functions 
in the future. 
Study Area 
The area of study is Montana de Oro State Park, located six miles southwest of Morro Bay, and 
two miles south of Los Osos on Pecho Road.  It is located at 35°15’50.04”N 120°51’43.92”W. 
While a reasonably good published vegetation map of San Luis Obispo County, including 
Montana de Oro, was produced in 2007 (through a contract with SLO County) we decided to 
use it as our mapping location because it is easily accessible and thus easier to verify the 
classifications on the ground, and because our work will likely be utilized by students in the 
future. 
Background 
Montana de Oro is located in a Mediterranean climate and is comprised of several vegetation 
types: Oak woodland, grassland, chaparral, riparian, Eucalyptus groves, coastal scrub, and 
bare ground and sand. Grassland vegetation is mainly comprised of annual and perennial 
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grasses and forbs, such as wild oat (Avena fatua) and California Croton (Croton californicus). 
Non-grass, herbaceous species such as Lupine (Lupinus albifrons) are often interspersed 
amongst grasses. Riparian corridors are populated with trees such as Arroyo Willow (Salix 
lasiolepis), Red Alder (Alnus rubra), and California Bay (Umbellularia californica), and 
hydrophytic vegetation such as Brown-headed Creeping Rush (Juncus phaeocephalus). Areas 
of chaparral in the park mostly dominate south-facing slopes and uneven terrain, although it 
is also present in large numbers on flatter expanses. The main species include Monkey Flower 
(Mimulus aurantiacus), Coyote Bush (Baccharis pilularis), Poison Oak (Toxicodendron 
diversilobum), and Buckbrush (Ceanothus cuneatus). Coastal scrub is characterized by slow-
growing, aromatic and drought-deciduous shrubs adapted to the semi-arid Mediterranean 
climate of coastal lowlands.  The main species include California Sagebrush (Artemisia 
californica), Black Sage (Salvia mellifera), and California Buckwheat (Eriogonum fasciculatum). 
Woodland areas are characterized by low-density forestland forming open habitats with 
plenty of sunlight and limited shade. Bishop Pine (Pinus muricata) and Coast Live Oak 
(Quercus agrifolia) are two of the most common woodland species in Montana de Oro. 
One of the unique features of Montana de Oro is the extensive range of Eucalyptus trees that were 
planted as part of a failed plantation from the 1930s as part of a plantation designed to incur profit from 
the production of Eucalyptus as lumber, which has now become an ongoing management issue.  
Eucalyptus not only shade out other species, resulting in a homogeneous ecosystem dominated by one 
species, but also have a high rate of spread, enough so that they must periodically be cleared to prevent 
them from entering more areas of the park (Montana 2013). 
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Related Research 
Several government agencies, both federal and state, manage vegetative mapping programs to 
display and organize different vegetation types within any given area, either for the entire 
United States or specifically inCalifornia. At the national level, the USGS manages the National 
Vegetation Mapping Classification Standard, which utilizes the National Vegetation 
Classification System to provide vegetation resource statistics and cover data, information that 
is later used in vegetation mapping (Federal 2008). 
The Vegetative Classification and Mapping Program (VegCAMP) was created by the California 
Department of Game (now the Department of Fish and Wildlife) and classifies vegetation types 
using both the species present and the general type of plant type, such as woodland or 
shrubland (CA.Gov 2013).  They are also defined as a unit, association, super association, 
alliance, and superalliance, which are divisions within the lower floristic levels of the National 
Vegetation Classification Standard (National Vegetation 2008). The NVCS provides maps of 
vegetation types that are publicly available to enable land managers to utilize continually 
updated information in a comprehensive computer program (USNVC 2013). An association is a 
physiognomically uniform group of associations sharing one or more diagnostic (dominant, 
differential, indicator, or character) species which, as a rule, are found in the uppermost 
stratum of the vegetation. An example of this classification system would be the Knobcone 
Pine/ Whiteleaf Manzanita Woodland Association. The map is very user-friendly but appears to 
have limited data and does not provide generalized vegetation categories. This specific type of 
classification could have been done using aerial images but it was likely supplemented with 
field surveys so that the plant species could be identified. Determining understory 
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characteristics is not possible from aerial surveys either, so groundwork would have been 
necessary to determine whether certain vegetation types were associations or alliances 
(Federal 1997). 
The United States Geological Survey has its own vegetation map as well, the National Map 
Viewer, which contains information about land cover type as well as topography, hydrography, 
boundaries, and other geospatial data. The National Map Viewer is managed by the USGS 
National Geospatial Program, which “provides leadership for USGS geospatial coordination, 
production, and service activities” by providing accurate data and updating national maps 
(National Geospatial 2013). The map is fairly easy to use but requires a download of requested 
data, rather than an interactive map that both displays and defines data. This survey shows the 
basic vegetation type in an area, but does not go into spatial detail about species or 
associations. 
Both vegetation maps are useful, but this is dependent upon the specific kind of information a 
user may be looking for because of depth of the available information. 
The USGS’s Gap Analysis Program (GAP) inventories, monitors, and researches conservation 
information such as vegetation and land cover and provides this information via transferable 
data and maps.  This program works in conjunction with the Federal Geographic Data 
Committee as well; the latter provides geographic maps, data, and metadata on their website 
(Federal 2008). 
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Data Preparation 
The data used for the classification process was obtained from Cal-Atlas (http://atlas.ca.gov/), 
which provides GIS data for the state of California by integrating geospatial data created by the 
different California government agencies. We utilized  one-meter resolution, three-band aerial 
imagery from the 2005 NAIP (National Agricultural Inventory Program) survey because the 
aerial images for the area that contains Montana de Oro state park were consistent in color and 
clarity and were not impaired by cloud cover or large shadow. Although 2009 and 2010 NAIP 
imagery were of better quality than the 2005 data, cloud cover and resolution inconsistencies 
degraded the utility of the imagery.  Inconsistencies in color would reduce the effectiveness of 
image classification for the project and possibly lead to incorrect classifications. 
One-meter resolution imagery is quite high resolution, which was needed in this project to 
distinguish between different vegetation types. Differing spatial resolutions have various uses. 
 Low-resolution imagery usually covers a much larger area than high-resolution imagery (Figure 
1). Because Montana de Oro State Park is not such an extensive area, high resolution imagery 
worked well without being cumbersome. 
Six individual 2005 NAIP quarter-quad tiles of Montana de Oro imagery were downloaded and 
stitched into a single three-band .tif image in ESRI ArcGIS using the “Mosaic to New Raster” 
tool, which essentially combined the tiles, removing the inconsistencies in color between the 
tiles. The resulting mosaic was a composite picture of the six combined tiles that provided a 
continuous view of Montana de Oro.   
The new imagery was inspected for proper georeferencing relative to other imagery and GIS 
layers available.  It was inspected for effects such as color consistency, the presence of 
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shadows, and contrast between different vegetation types. The new imagery was found to be 
generally good, with discernible habitat types, little shadowing and cloud cover, and consistent 
color tone. 
Image Classification 
The process of image classification is a common technique used for monitoring vegetation 
patterns, and was employed in this project. The process categorizes all pixels in an image 
automatically into a series of land cover classes. Image classification can either be guided by 
human interpretation (supervised classification) or based entirely on the statistical distribution 
of the spectral classes in the image (unsupervised classification) (Wulder 2007, 50). In this case, 
supervised classification was used. 
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Figure 1; from Wulder, 2007. Illustration of different 
information content for three images with differing 
spatial resolution located near Merritt, British 
Columbia, Canada. Panel A is an approximately 8 km² 
area of 30m spatial resolution imagery. The 0.05 km² 
focus area (yellow rectangle) in Panel A is represented 
by Panels B and C. Panel B is 2.4m spatial resolution 
imagery, and Panel C is a digital ortho-image with 
spatial resolution of 30cm. 
 
Supervised classification begins with a known set of classes, then the classes are separated or 
combined based on properties of the image data distinguished by the user (Franklin 2001). 
After the “training stage,” the image is then classified based on the input of the training 
samples. Pixels of homogeneous brightness values are separated into the distinguished 
categories, but, in reality, errors between some cover categories will arise, as it is difficult to 
have total homogeneity. The supervised classification process is characterized by the need to 
use training areas to specify to the computer algorithm the brightness values that will represent one 
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 category of land cover on the digital image. In this way, the computer algorithm is trained to 
identify different categories of cover based on the brightness values of pixels in different 
spectral bands (Lo 2007). There are three commonly used per-pixel classifiers in supervised 
classifications (Figure 2). 
Figure 2; from Lo 2007. Three types of supervised image classifiers. (a) Parallelpiped: creates a 
box with upper and lower bounds. A pixel falling within the box belongs to that class. (b) 
Minimum distance: pixel No.2 being closest to the centroid of pixel cluster C is assigned to class 
C. ( c) Maximum likelihood: equiprobability contours indicate that pixel No.1 most likely belongs 
to class B, and pixel No.2 most likely belongs to class C. 
 
To target specific habitat categories for this project, the “training sample manager” in the 
image classification tool of ArcGIS 10 was used. A series of small training circles were digitized 
across the study area to represent examples of each habitat type (Figure 3). This was done for 
beach/sand, bare ground, urban, grassland, scrubland, and woodland habitats. When a 
sufficient number of circle samples were made for each habitat type, they were selected and 
merged into one layer type. This was done for each habitat type. After there was one layer type 
for each habitat, an interactive supervised classification was performed to produce an initial 
classification result. Depending on the quality of the results, training circles were added or 
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removed to further specify the next trial of the classification. The initial trial bore decent 
results, but there were issues in differentiating between woodland and grassland, so more 
circles were added to each habitat type. We also noticed that it was too difficult to differentiate 
between bare ground and beach, so we combined the two types and named the new layer 
“bare ground.” Dirt trails were included in bare ground classification rather than the urban 
classification. 
 
Figure 3. Image classification process; this shows the training sample polygons and classification 
results. 
 
After the classification a brief validation was performed thorough field visits to areas of certain 
vegetation types. Points that were located in various vegetation types were uploaded to a 
Topcom GMS-2 GPS unit with ArcPad 7.1 ESRI. Twenty-four different points were utilized 
(Appendix A). The process was simple and primarily involved finding the points on the ground 
and verifying if what had been designated in ArcGIS correlated to what type of vegetation was 
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actually there. Some points were chosen because, even by aerial survey, it was clearly evident 
in what vegetation type they were located. Other points were chosen because the image 
classification system appeared to have determined them incorrectly. 
Inclusion of LiDAR Data 
LiDAR (light detection and ranging) is a remote sensing method used to capture three-
dimensional data representing the structure of a surface or vegetation canopy. LiDar systems 
emit a pulse of laser infrared light from an aircraft and measure the time (and therefore 
distance) it takes for the pulse to reach and then be reflected by the surface (Wulder 2007). A 
laser with a pulse frequency of 15 kHz is typically used, and covers a swath of 50°. When 
combined with GPS and inertia navigation data, a digital three-dimensional representation of a 
given land surface can be created (Lo 2007). 
Using the NAIP aerial imagery alone, chaparral and woodland and urban and bare ground 
habitat types could not be easily or accurately distinguished. These areas were often intermixed 
and had similar texture and color characteristics in GIS. Slope also played a factor in this 
confusion, as woodland cover was often located on steep, shadowed slopes. LiDAR data of the 
Montana de Oro site recently became available and was downloaded from the Open 
Topography organization website presented an opportunity to improve the classification 
results. The DEM bare earth and DSM Highest Hit layers were available for direct download. 
From these layers, a Canopy Height Model (CHM) was developed, representing heights from 
the ground surface; The CHM layer was produced by advisor R. White using the Raster 
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Calculator in ArcMap. DEMs (digital elevation models) are commonly used in topographic 
normalization/terrain correction of optical data. 
Hillshade layers of the bare earth Dem and highest hit DSM (bare earth was known as 
“mosaic_dem” and the highest hit/top elevations were known as “mosaic_dsm”) were created, 
and a Canopy Height Model (CHM) was calculated for the actual image classification using the 
Raster Calculator tool. The calculator was set up as [“mosaic_dsm” - “mosaic_dem”] to get the 
output raster of mosaic_chm. To display this new layer in a more useful way, the layer’s 
symbology was changed to “classified.” The transparency of the layer was set to 50%, and the 
mosaic_dsm_hs layer (hillshade of the Highest Hit) was turned on in the background to take 
elevation into account when doing training samples (Figure 4). 
 
Figure 4.  LiDAR canopy height model. 
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To be able to take both the Image and CHM layers into account in the Image Classification, they 
had to be combined into a single layer. The 3-band NAIP image layer was combined with the 
CHM layer using the Composite Bands tool, making the resulting layer a 4-band raster. The 
resulting layer looked the same as the original imagery, but the additional Band 4 (the LiDAR 
height information) was included, and shown as the Red Band (Figure 5). Techniques such as 
this to fuse data are important, as they provide improvements in image sharpening, 
classification accuracy, missing data substitution, and geometric correction (Franklin 2001). To 
use the new 4-band layer to classify the vegetation types, the target layer of the Image 
Classification toolbar was set to “Composite.” Sample training polygons were set for the study 
area as they had previously been, only this time height information was taken into account. An 
interactive Supervised Classification was completed, and the results were much more accurate 
as elevation data was used. 
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Figure 5. Four-band composite layer; this shows the color bands and the included LiDAR height 
band. 
Results 
The ground cover was classified into five different groups: Bare ground, Chaparral, Woodland, 
Grassland, and Urban (Figure 6). The accuracy of the image classification improved as several 
classifications were run and training samples adjusted, after inconsistencies were addressed. 
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Figure 6. General ground cover map. 
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Analysis of Results 
Ultimately the ground cover classification results were very accurate given the data that was 
available to us and the methodology we employed. The initial classifications that were 
determined using the image classification tool in Arc Map 10 were very accurate but still 
required field verification to account for inaccuracies on a smaller scale. 
Classifying vegetation using the image classification tool was accurate but required many 
reclassifications to more specifically classify smaller portions of vegetation types. One major 
problem was the classification of edges, where one habitat ended (i.e., grassland), and another 
began (i.e., chaparral). Edges are among the most misclassified portions of landscapes when 
using image classification. This is due to a number of factors, but mixed pixels (where the field 
of view includes more than one cover type) are a major reason (Wulder 2007). 
It is somewhat difficult to compare our map to the one provided by the CDFW because they 
provide detailed plant species and associations as opposed to more broad vegetation types. 
There is also no available data for the location in which we performed our vegetation 
classification. Our data is more comparable to the USGS National Map because it displays 
vegetation types such as woodland and grassland and upon review is just as accurate. It is 
reasonable to assume that little if any ground analysis was performed in the creation of the 
map meaning it was made entirely using aerial photographs and surveys. 
After the image classification in the program had been completed, we verified the 
classifications on the ground after shapefile points had been uploaded to the Topcom unit. We 
placed these points in vegetation types that were easily distinguishable using the aerial imagery 
and types that the image classification tool had clearly classified incorrectly. It was not practical 
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to investigate all questionable classifications, but we hoped that upon running a new 
classification, the inconsistencies would be repaired due to the fact that they likely shared the 
same color features that led to the incorrect classification.The field verification did affect some 
classifications and helped improve the accuracy of our map. A common inaccuracy was the 
classification of bare ground as urban and vice versa, due to the similarities between the road, 
dirt lots, gravel, and darker exposed rock. Another issue stemmed from the similarities between 
grass and dry scrub, which often appeared to be the same color. The majority of these 
inaccuracies were repaired by revisiting the image classification tool in ArcGIS. 
Some specific vegetation types such as coastal scrub and riparian areas were disregarded 
because of their similarity in color to grassland and woodland, respectively. The image 
classification tool could not distinguish between these two types and distinguishing them using 
field techniques would have been too great an endeavor. Therefore, coastal scrubland was 
either classified as grassland or chaparral, depending on the determinations of the image 
classification tool. Riparian areas were classified as woodland because they were dominated by 
tall, woody trees with dense canopy cover. 
Accuracy could have increased immensely if we had clearer aerial images with higher resolution 
so the image classification in ArcMap would not have been the only methods of determining 
vegetation boundaries. Field delineation could have been a possible tactic if we had more time 
to walk the boundaries and record it on a gps, although this would have been nearly impossible 
in thick chaparral areas, which are essentially inaccessible in most places. 
No major errors were discovered and any classification errors likely stemmed from the 
limitations of using aerial imagery to delineate vegetation types. It is unlikely any errors were 
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strongly user-created because of the exact nature of the GIS program, which requires steps to 
be followed verbatim and would therefore not work if one had been done incorrectly. Our data 
was also very similar to that displayed on the USGS map, so we determined that our map is 
within acceptable accuracy to be utilized as a reference for vegetation in Montana de Oro. 
Conclusion 
Mapping using aerial imagery and ArcGIS, and the constantly advancing technology behind both 
tools, has enabled resource managers to improve their information gathering processes and the 
capabilities of compiling crucial data that are the cornerstone of their work. Our project was a 
fairly basic operation but was significant in that we used easily obtainable data and a widely 
used program to create a vegetation map for an entire area. It was a process of obtaining LiDAR 
and NAIP imagery, classifying that data using ArcGIS, and verifying what we created in the 
program with field surveys. Although we ran into some limitations involved in accurately 
classifying certain vegetation because of the color on the imagery, we successfully produced a 
map showing the vegetation types in Montana de Oro and stored the data in the Cal Poly 
system, which can be utilized by future students. We compiled the processes we utilized into a 
comprehensive document that will also guide students who may want to classify another area, 
providing them with the methodology to do so. What seems to be a simple process has the 
potential to improve projects and provide essential data that will help guide management 
decisions and enable for the transfer of important maps and data for almost any location, and 
will only improve with time and demands. 
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Appendix A: Map Points Checked in the Field 
Twenty-four points were chosen from the GIS map to be checked for accuracy in the field at 
Montana de Oro State Park.  These points were chosen for their inconsistencies with the rest of 
the map (i.e., the area surrounding a point was classified as something different).  Of the 
twenty-four points checked, sixteen were found to be correct.  The details of each point follow. 
 
 
 
Point 1:  Point one was correctly identified as chaparral. 
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Point 2:  Point two was incorrectly identified as woodland; it is actually chaparral.  The 
chaparral was taller than average, so that might be a reason as to why the classification error 
occurred. 
 
 
 
 
Point 3:  Point three was correctly identified as bare ground.  This classification was particularly 
difficult because the location had a mixture of gravel and dirt.  It was deemed that the surface 
was more like bare ground than an urban surface such as a paved road. 
 
25 
 
 
Point 4:  Point four was correctly identified as urban. 
 
Point 5:  Point five was correctly identified as chaparral. 
 
Point 6:  Point six was incorrectly identified as a mixture of bare ground and urban, when in fact 
it is only bare ground. 
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Point 7:  Point seven was correctly identified as grassland.  It is a small patch of mustard 
plant in an area that is otherwise all chaparral. 
 
Point 8:  Point eight was correctly identified as chaparral. 
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Point 9:  The vegetated area of point nine was correctly identified as grassland.  The non-
vegetated area was incorrectly identified as urban.  It is actually a sandy area and is therefore 
bare ground. 
 
Point 10:  Point ten was incorrectly identified as all grassland.  It is actually a mixture of 
grassland and bare ground. 
 
Point 11:  Point eleven was incorrectly identified as grassland.  It is chaparral. 
28 
 
 
 
Point 12:  Point twelve was incorrectly identified as chaparral.  There is chaparral near the 
point, but on the exact point (where Evan is standing in the picture) the classification is bare 
ground. 
 
 
Point 13:  Point thirteen was correctly identified as chaparral.  It was correctly distinguished 
from the area of bare ground adjacent to it (where Sarah is standing in the picture). 
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Point 14:  Point fourteen was correctly identified as bare ground. 
 
Point 15:  Point fifteen was correctly identified as grassland. 
 
Point 16:  Point sixteen was incorrectly identified as woodland.  It is chaparral. 
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Point 17:  Point seventeen was incorrectly identified as urban.  It is chaparral. 
 
Point 18:  Point eighteen was incorrectly identified as urban when it is actually chaparral.  The 
error could be in part due to the fact that the point was located next to a paved road. 
 
Point 19:  Point nineteen was correctly identified as woodland. 
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Point 20:   Point twenty was correctly identified as bare ground. 
 
Point 21:  Point twenty-one was correctly identified as grassland. 
 
Point 22:  Point twenty-two was correctly identified as urban. 
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Point 23:  Point twenty-three was correctly identified as chaparral. 
 
Point 24:  Point twenty-four was correctly identified as urban. 
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Appendix B: Figures of Digital Models 
 
 
Digital Elevation Model 
 
 
Digital Surface Model 
 
